Abstract-Understanding the mathematical properties of graphs underling biological systems could give hints on the evolutionary mechanisms behind these structures. In this article we perform a complete statistical analysis over thousands of graphs representing metabolic and proteinprotein interaction (PPI) networks. First, we investigate the quality of fits obtained for the nodes degree distributions to power-law functions. This analysis suggests that a power-law distribution poorly describes the data except for the far right tail in the case of PPI networks. Next we obtain descriptive statistics for the main graph parameters and try to identify the properties that deviate from the expected values had the networks been built by randomly linking nodes with the same degree distribution. This survey identifies the properties of biological networks which are not solely the result of their degree distribution, but emerge from yet unidentified mechanisms other than those that drive these distributions. The findings suggest that, while PPI networks have properties that differ from their expected values in their randomized versions with great statistical significance, the differences for metabolic networks have a smaller statistical significance, though it is possible to identify some drift.
INTRODUCTION
Networks are an intuitive way to pictorially represent elements and their interactions in many complex systems. On top of its visual appeal, graph theory is a well established mathematical field which allows these structures to be quantitatively analyzed and have their properties objectively evaluated. As soon as the abstract graph theory began to be applied in order to describe real world networks, it became clear that graphs representing real systems differed vastly from what would be expected from the naiveËrdos-Rénny random model for networks studied in the fifties [1] .
Graphs representing many different real world systems such as for example, author citations relations [2] , biological networks [3] , [4] or flight connections [5] present many similar topological properties that significantly distinguish them danielg@if.ufrgs.br fromËrdos-Rénny random graphs. Some of these common characteristics, often claimed to be ubiquitous in real world networks, are the presence of hubs (a few highly connected nodes), the so called small world property [6] , scale-freeness or self-similarity as a consequence of the network's nodes degree distribution often be similar to a power-law function (p(k) ∝ k −γ ) [7] , [8] , [9] , high clusterization and hierarchical organization [10] .
Biological systems are the result of evolution and natural selection. Therefore, the characteristics one observes in biological networks are indications of the evolutionary pressures under which these systems developed. The dense tails of the degree distributions in these networks, for example, have been suggested to give rise to the robustness of these systems against random node deletions [11] , [12] , [13] , which would reflect the fact that live organisms are resilient to random mutations or to deprivation situations. In fact, many works study evolutionary models that attempt to generate graphs with similar degree distributions than the ones observed in real systems. These models define simple rules for the growth of a network and study the assymptotic behaviour of an evolving graph. In the preferential attachment model [14] , [15] , for example, a new node is more likely to connect to already highly connected nodes in the network, while in the duplication and divergence model [16] an existing node is first copied with the same connections and then may have its connections altered. These works usually focus in obtaining a set of rules that will generate random graphs with degree distributions similar to the ones observed in real systems. Therefore, it is important to determine the characteristics of these distributions on one hand and whether the degree distribution alone is enough to replicate other common characteristics of these networks such as high clusterization.
Though it is a very common claim that biological networks are scale-free (meaning that their node's degree distribution follows a power-law function), there are some studies that dispute this conclusion [17] , [18] . Most works that fit a power-law to the degree distribution of a given network, overlook the quality of the fit. However, in [19] , an objective statistical study of several different real world networks is made in order tho tackle this issue. In the study, the authors use robust statistical tools not only to fit the distributions but also to evaluate the quality of the fits (p-value), shedding light on which networks representing real systems might and might not be called scale-free. In order to do that, the authors in [19] chose, for each real world system, a single representative network and analyze the fit obtained for its degree distribution. Though a single metabolic and a single protein-protein interaction (PPI) network are analyzed in the paper, these data sets composed of single elements are not enough to extract strong general conclusions about these biological systems. In [20] a version of the duplication and divergence model is analytically studied and it is observed that although it is possible to find parameter regions where the degree distribution will have a denser right tail, this distribution has a peak for low degrees indicating that it can not be fitted to a monotonically decreasing power-law function if one considers its whole range.
The present study has performed two systematical analysis over two huge data sets of biological networks: more than 3000 metabolic and over 1000 PPI networks. The objective of the first analysis is to determine whether the degree distributions of the networks as a whole or their right tails may be well described as scale-free (power-law) functions. For this, we use the same tools as in [19] to fit the degree distribution of each network to a power-law and standard statistical tools in order to assess the quality of the obtained fits. In a second analysis, the main graph attributes of each network are evaluated, which allows us to draw a general picture about the characteristics of these graphs for a wide range of organisms. In order to identify which properties are simply expected given the degree distributions of the networks and which ones are the result of other 1 possible evolutionary pressures over the underlying biological systems, the same properties are computed over randomized versions of each network that preserve their degree distributions. With this study, it is possible to evaluate the differences between the property in the real networks with respect to their randomized versions, to assess the statistical significance on the existence of such differences and, therefore, to identify attributes that are not only a consequence of the network's degree distribution.
The work is organized as follows: in the next section we define the graphs we study and from where the data in order to build them was retrieved. The section after that is dedicated to describe all the analysis done. Finally, we present the results and discussion and in the last section a brief overview and our conclusions. We also include an appendix on the distribution of a network characteristic in its randomized versions.
DATA AND GRAPHS
In this section we define the graphs we analyze and describe the procedures followed in order to obtain the data from which we build the networks. 1 . Not only driving the degree distribution.
Metabolic Networks
For an organism, we define its metabolic network as the undirected and unweighted graph resulting from connecting the molecules or metabolites appearing in its metabolism based on the biochemical reactions that keep its cells (or cell) alive. Two metabolites (nodes in the graph) are connected if they appear as a substrate-product pair in any chemical reaction in its metabolism.
Therefore, the data needed to build the metabolic network for one organism is the list of all biochemical reactions that can be found in its metabolism. This data was obtained from the Kyoto Encyclopedia of Genes and Genomes (KEGG) database [21] , [22] . First, a list of all genes in an organism is obtained, from this list of genes, those annotated as coding for enzymes are identified, as well as the corresponding chemical reactions catalyzed by each enzyme. In a complementary step, the pathways identified in each organism are obtained and the corresponding KGML files (KEGG Markup Language) are retrieved. These files allow one to identify the non-enzymatic reactions associated with known pathways. After the retrieval process, one has a list of chemical reactions from which one builds the network by listing all single metabolites appearing in the reactions and stipulating an undirected link between two metabolites whenever they appear in opposite sides of a reaction (as substrate-product).
An automated python script which connects to the database rest API was written, in order to obtain KEGG's list of organisms and run through it retrieving the data needed to build the networks [23] . The networks for 3481 organisms were successfully build by the procedure.
PPI networks
In a protein-protein interaction network, every protein found in an organism's proteome represents a graph node and two nodes are linked if the proteins have some kind of interaction between them.
Data for the production of PPI networks was downloaded from the STRING database [24] . From this database, for hundreds of organisms, one obtains lists of pairs of proteins present in the organisms and several scorings for each pair representing the confidence on the existence of some interaction between them (different scores are associated to different sources of evidence for the existence of the interaction). For all organisms downloaded, we built the network for each organism by setting the threshold on the minimal confidence level that an interaction must have in order to define an undirected link in the network. The threshold considered was 0.90 (in a range between 0 and 1) for the combined score.
With this procedure we built 1073 PPI networks.
STATISTICAL ANALYSIS
In this section we explain the graph parameters and characteristics that were analyzed in each network and the statistical tools employed in the analysis. The theory on measurements related to graphs and the study of network characteristics and parameters can be found in several books and reviews. See, for example, [15] , [25] .
Degree Distribution
It is often claimed that biological networks have scale-free (power-law) node degree distribution. The discrete powerlaw distribution has the form:
where ζ(γ, x 0 ) is the Riemann zeta function (modified such that the sum starts at a minimum value x 0 ). This distribution has γ and x 0 as parameters. The parameter x 0 is an integer indicating the smallest number in the distribution. According to the above, we attempt to fit a power-law (scale-free) distribution to the nodes degree distribution of the studied networks. In order to do that, given the set of N numbers {k i , i = 1, 2, ..., N } representing the degree of every node in a network, we find the value of the parameter γ that maximize the likelihood 2 , for a given value of x 0 :
where the sum is made over the degrees of every node in the network bigger than x 0 . To find the parameter γ that maximizes the likelihood, one must solve the equation:
where N ′ is the number of nodes in the network with degree bigger or equal to x 0 .
Once γ is established, for many possible values x 0 , we evaluate the goodness of fit through a χ 2 test: the χ 2 statistic is calculated and the right-cumulative distribution of the Pearson's χ 2 distribution at this point is obtained. The result is the p-value i.e. the probability of obtaining a statistical fluctuation bigger than the observed one if the k i 's distribution does come from a power-law with parameters γ and x 0 . Therefore, big values of the p-value indicate a good fit.
For each network, we follow the same procedure: having its degree distribution, for every possible value of x 0 between 1 and some 3 x max we solve Eq. (5) and find the value of γ that maximize the likelihood for the given x 0 . We also evaluate the p-value and count the amount (fraction) of nodes in the network with degree smaller than x 0 (these nodes did not participate in the fit procedure). We also evaluate an upper and lower uncertainty for the γ parameter by finding the two points around the maximum likelihood where it decreases half point (0.5) [26] .
2. Since the logarithm is a monotonically increasing function, its maximum is at the same point as the maximum value of its argument.
3. As will be clear in the Results section, the p-values increase until some given value of x 0 and decrease afterwards.
Graph Properties
For every single graph produced (3481 metabolic networks and 1073 PPI networks), first the values for basic network parameters are obtained. Most of the obtained graphs contained small disconnected components, so we also count, for each graph, the number of disconnected components, the size of the biggest component and the average size of the smaller components. The most straight forward properties that are obtained from the graphs are its number of nodes N and its number of links N .
Also, for every network it is straightforward to obtain its node's degree distribution i.e. n i , the number of nodes in each network that have i links, for every possible integer i. This is evaluated by first obtaining the degree for each node i, k i which is the number of links node i has:
where M ij is the adjacency matrix of the graph (a square symmetrical N × N matrix where each element M ij is 1 if node i is connected to node j and 0 otherwise). Another local property of each node is its clustering coefficient C i :
where E i is the number of links between the neighbors of node i. This coefficient is the ratio between the number of triangles node i actually forms with its neighbors and the total number of all possible ones given its degree k i . The local parameters (properties associated with each node in a network) can be averaged over all nodes in the network in order to establish an average network parameter. In the case of the two above mentioned parameters, one has the network's average degreek and average local clustering coefficientC. It is also possible to define a global parameter representing the clustering of a network as the ratio between all triangles (size 3 clicks 4 ) the network (as a whole) actually has and the number of possible triangles it could have, based on the number of connected triples (length 2 paths):
where |C 3 | is the number of triangles (tree nodes connected in a cycle) and |P 2 | the number of 2-paths (connected triples). We also study two parameters related to node correlations, namely nodes distances and network assortativity.
First we evaluate the symmetric distance matrix, a matrix where every element d ij is shortest path length between node i to node j, via the Dijkstra's algorithm [27]. Since we consider the unweighted network (every link has weight 1), the size of the path is set as the distance between the two nodes. The average of all elements 5 in the distance matrix is 4 . A click is a complete subgraph of the network. 5. Since some networks have disconnected components, the distance between nodes in different components is infinity (one is not reachable from the other). These distances are left out from the sum evaluating the average. the network's average distanced:
The network's assortativity, A, is a correlation coefficient between the node's excess degree and its expected value in anËrdos-Rénny random network:
where
N is the probability that a node has degree k i , e(k i , k j ) is the fraction of links in the network connecting nodes of degree k i with k j , q(k i ) is called the excess degree distribution and σ q is its standard deviation.
Positive coefficient A means an assortative network i.e. high degree nodes tend to be connected to other high degree nodes; while a negative coefficient A means a dissortative network that is, a network where high degree nodes tend to connect with low degree nodes.
Network Randomization
We want to distinguish properties of the network that come solely as a natural consequence of its degree distribution and those that require some underlying mechanism to be achieved. To accomplish that, after having evaluated the network parameters, we compare those to averages of the same parameters evaluated over sets of randomized networks i.e. networks with the same degree distribution for their nodes, but where the links have been randomly exchanged. In the appendix we discuss the distribution of the network properties over the population of networks generated by this randomization process.
The randomization process we implemented is the following: first two links of the network are randomly selected. The links are broken and the nodes participating in one of the original links are connected to the nodes participating in the other original link. Since we work with simple undirected networks, sometimes this process fails, because given the randomly selected links, the relinking of the network would either generate a node connected with itself or two nodes sharing multiple connections. Repeating multiple times this process, one can also estimate (by bootstrap) the amount of times the process failed estimating, in this way, the probability of success in the process, which will be a property solely of the degree distribution of the network. We call this parameter ξ. Note that this randomization process does not change the degree distribution of the network i.e. every node keeps its k i constant during the process.
One is left to decide how many times to repeat this randomization process in order to obtain a truly random network 6 . We adopt the paradigm that each link should have a 99.9% probability of having been touched at least 6 . Note that this randomization process does not generate aËrdos-Rénny random network, but a network with the exact same degree distribution as the real original graph.
once by the process. The idea behind this process is to generate random networks with the same degree distribution as the original network therefore, assessing the properties of these random networks, one obtains the characteristics of the network that emerge only as a consequence of the degree distribution of the graphs. This set of random networks mimics what would be expected as result from an evolutionary model constructed in order to generate networks adjusting the degree distribution observed in real world graphs and not caring with any other aspect of the resulting graphs.
Since in each step of the randomization process two links are selected, the probability p that any given link is touched in a given step is p = 2 N . Therefore, the probability that a link is not touched isp = 1 − p. If the randomization process is repeated n times, the probability that a given link is never touched isp n . So the number of times we must repeat the randomization process in order that there is a 99.9% probability that any given link was touched by the process (probability 1 1000 of not being touched) is:
to give an idea of his number, in a typical metabolic network with 2400 links, this value is n = 8286, while for a typical PPI network with 28000 links, this number is n = 96705.
For each network, we obtain 10 randomized versions 7 of it, evaluate each network parameter in each randomized network and estimate an expected value and its uncertainty by evaluating the average and standard deviation of the parameter over the ten randomized network samples. In this way, we are able to evaluate, for each network, a measure of the parameter deviation in the real network from the expected value in the randomized versions of it, by computing the statistical t P for each parameter P :
where P real is the value obtained for the parameter P in the real network,P random is the average value of the parameter over the ten randomized versions of the network and S the standard deviation of the parameter in the random samples. The statistical t P can be used to assess the statistical significance on the existence of a difference between the parameter value in the real network and its expected value in randomized versions of it, by evaluating the cumulative student's t-distribution with 9 degrees of freedom at point |t P |. In the appendix we provide a normality test for the distribution of the network characteristics over its randomized versions, justifying thus the use of the student's ttest. Two times the value of this cumulative distribution is interpreted as the p-value for the null hypothesis that the observed network has the P parameter equal to its expected value. High values of this p-value would indicate that the difference is not significant (high probability of 7 . The calculations become computationally intensive for big networks (some PPI networks have over 10000 nodes) and therefore, choosing a bigger number of random samples, would result in unreasonable running time for the calculations over the entire data set. obtaining a fluctuation equal or bigger than the observed one in the population). Parameters for which the p-value is small would indicate a significant difference between the observed and expected value, hinting that evolution favors (selects) networks in which the parameter value is bigger (if t P is negative) or lower (if t P is positive) than what is expected in a random version of the network. Therefore, a good dynamical evolutionary model for these biological systems would have to incorporate mechanisms that result in networks with such characteristics.
RESULTS AND DISCUSSION
For each data set of networks studied (metabolic and PPI), we present first the results for fitting procedure for the node's degree distributions followed by the descriptive statistics for the network parameters and then the results from the comparison between the real and the randomized network versions.
Metabolic Networks
In table 1 we show the results for the fitting procedure done over the node's degree distributions, averaged over the 3481 metabolic networks. For each network, for each value of x 0 between 1 and 15, we evaluate the value for the parameter γ that maximizes the likelihood for the observed degrees in the network (solution of eq. (5)), we obtain its uncertainties, and for the fitted value of γ the statistical χ 2 is computed along with its correspondent p-value. Note that the fit procedure is done for every x 0 in the table for each one of the 3481 graphs in the data set. Therefore, the values of γ and its uncertainties presented in the table are the result of averaging the obtained values of γ and its uncertainty in each network weightening the values by the p-value of the fits (giving more importance to the better fitted values). Next to the average p-value we also show the fraction of the fits for which the p-value was bigger than 1%. Note also that, for each value of x 0 bigger than 1, some nodes (the ones for which k i < x 0 ) are left out of the fit. The table presents also the average fraction of discarded nodes in the fits, for each value of x 0 .
For x 0 = 1, the p-value is lower than 10 −6 , indicating that only the tail of the distribution might be well adjusted to a power-law function and the highest p-values obtained are for x 0 = 2. In this case, the value of γ is a little above 2.1 and around 4% of the nodes in the network have degree 1 and do not participate in the fit. But even in this case, the average p-value is around 0.01 indicating that the deviation from a power-law is important and there is small probability of observing such fluctuation if the degrees came from the hypothesized (scale-free) distribution. Now, for each one of the 3481 metabolic networks in our data set, we evaluated the graph properties and characteristics described in subsection 3.2. Histograms depicting the distributions of the main parameters over our data set are shown in figure 1 . The distributions show the bulk of the data distributed around a central value, but all of them also present a significant number of outliers.
In table 2 we present the descriptive statistic for the parameters. Since some distributions have a sizable skewness (asymmetry), besides evaluating the standard deviation of the distribution, we also evaluated the standard deviation for all values bigger and smaller than the average, separately. These are shown in the table as uncertainties around the average value of each parameter. In a real metabolic network, one would not expect disconnected components. The small components into which the networks fragment themselves are possibly a problem of wrong annotations in the databases or misidentification of some chemical reactions or metabolites within them in the automated process of reconstructing the networks. In any case, as can be seen from the difference between the average size of the main components and the average total number of nodes, the disconnected components amount to a negligible number of nodes.
All metabolic networks are dissortative (A < 0). It is also possible to observe that, while the networks show a high average local clustering, their global clustering parameter tend to be small, close to zero. The networks tend to cluster locally, but not globally. The lack of correlation between the local and global clustering coefficients in real networks has already been observed in other systems [25] , [28] . Table 3 shows the same parameters as in table 2 (except for those that are not affected by the randomization process, like N , N or P 2 ) evaluated for the average values of the randomized samples of each network. The last row in this table presents the parameter ξ, whose average value is around 0.87, indicating that, on average, in 13% of the randomization steps, the links broken could not have been properly relinked (the random step failed).
The statistical significance of the differences between the parameters in tables 2 and 3 can be appreciated in table 4 where it is shown the average value for the statistical t P for each parameter. For each network (3481 in total) the value of t P and its correspondent p-value is evaluated. The table shows the statics of the distribution of t P over the whole data set. Next to the average p-value, we also present the fraction of the networks for which this p-value was below 0.05. Histograms for the distribution of t P for the different parameters can be found in figure 2 . The most significant difference observed is for the average shortest path. Note, that the significance in this analysis is not on the amount of the difference, but on the confidence level for the existence of this difference. If one compares the difference betweend and andd rand in tables 2 and 3 it amounts to around 2.5%. Though this difference is small, given any metabolic network, one can say with high confidence that the average shortest path is bigger in the real network than its expected value in randomized versions of it. For the other parameters the situation is not as clear. One observes that a sizable fraction of the networks (around 3/4 of them) do show significance on the existence of some difference (p-val< 0.05), but these differences are not ubiquitous.
PPI Networks
The same analysis were done over the data set of 1073 protein-protein interaction (PPI) networks. First, in table 5 we present the results of the fit procedure for the degree distributions. Here, one can can see that it is not possible to obtain a reasonable fit unless more than 50% of the network's nodes are left out of the fit. Only for the far right tail of the distribution (around x 0 ≥ 13) one begins to obtain reasonable quality fits. In particular, for x 0 = 1 the fits were so bad, that the p-values were all smaller than the machine precision (p < 10 −16 ) and therefore it was not possible to evaluate the averages weighted by the p-values.
Next we performed the analysis of the network properties of the data set. In figure 3 we present the histograms for the distributions of the main graph parameters and in table 6, the computed descriptive statistics of the distributions.
The PPI networks show some peculiar properties if compared with the metabolic ones. They present both, local and global clustering coefficients significantly different from zero; These networks are mildly assortative and, though they are bigger in size, they are more densely connected and present a similar shortest average path than the metabolic graphs. Table 7 shows the descriptive statistics for the average values of the parameters obtained from the randomized samples. These values show some sizable differences with respect to the parameters in the real networks shown in table 6. For the random samples, the global and local clustering coefficients are close to zero. The different behavior of the global clustering coefficient can be directly linked to the number of triangles in the networks: the real networks Table 2 Descriptive Statistics for the distribution of metabolic network parameters. The first two columns show the parameter name (definition) and its symbol as used in the present work. Around the average, shown as uncertainties, are the standard deviations calculated for values bigger and smaller than the average, separately. present almost twice more size 3 clicks than the random samples. Moreover, the networks present a mild dissortative degree correlation and a slightly smaller average shortest path. The statistical significance of the differences can be read in table 8 , where we present the descriptive statics for the t P statisticals and their associated averaged p-values. In figure 4 are depicted the histograms for the distributions of these statisticals.
In the case of PPI networks, the differences between real and expected values for all parameters are statistically significant. Real PPI networks present bigger average local and global clustering coefficients than their expected values in random networks with the same degree distribution, as well as bigger shortest average paths and assortativity. Realistic evolutionary models that try to mimic growth of PPI networks should not only try to reproduce their degree distribution (which is not well described by a power-law function) but also try to incorporate underling mechanisms that result in networks with such deviations from the expected values in networks with the same degree distributions.
OVERVIEW AND CONCLUSION
We have analyzed a huge set of graphs representing biological systems (3481 metabolic networks and 1073 PPI networks). First, we study in detail the degree distributions of the networks and test them against the hypothesis that they follow a power-law function. The results of this first analysis show that the degree distributions of these real world graphs are not well described by this function, but only the right tail containing a smaller fraction of the nodes in the case of PPI networks are reasonably adjusted to this scale-free distribution. In a second analysis, a complete descriptive statistics of the networks properties is presented and then we identify those parameters that deviate from their expected values in randomized versions of the graphs that preserve the network's degree distribution. Biological networks are the result of evolution and natural selection. Therefore, these deviations are the result of evolutionary pressures these systems developed under. Realistic evolutionary models that describe these systems should incorporate mechanisms that result in graphs with such deviations and not only try to reproduce their degree distributions.
Our analysis did not focus in any given specific branch of the tree of life, such that the networks vary a lot in size. The average shortest path for both, metabolic and PPI networks, tend to be slightly smaller in the case of real graphs than the expected values in randomized networks with high statistical significance. For other parameters, while the metabolic networks also show some differences, these differences do not present the same confidence level significance over the whole sample. But in the case of PPI networks, all parameters analyzed do show differences between real and expected values with a high confidence level. PPI networks are more assortative, and have bigger local and global clustering coefficients than would be expected by randomly linking nodes with the same degree distributions.
This study points to two important conclusions: on one hand, the degree distributions of graphs representing biological systems (metabolic and PPI networks) is not well fitted by a power-law function and on the other hand, network evolutionary models that focus solely in obtaining Table 4 Deviation of real metabolic network parameters from the randomized expected values. The column p-value presents the average p-value for the student's t-test evaluated as described in subsection 3.3. In the parenthesis next to it, it is presented the fraction of networks for which the p-value was below 0.05. graphs with similar degree distributions as real world biological networks might not be enough to adjust other graph parameters observed in these systems.
APPENDIX A PARAMETER DISTRIBUTION OVER THE RANDOM-IZED NETWORKS
In this work we compared the graph parameters of a real world network with their expected values in the set of all graphs that can be built with the same degree distribution. This analysis is inspired by the fact that many models that try to describe the evolution of these systems usually focus in obtaining as a result of the model simulation graphs with similar degree distributions. We ask, therefore, if mimicking this degree distribution is enough to reproduce the main properties of these structures. Given a degree distribution, the number of different graphs that can be actually built from it is astronomically huge and a random model adjusted only to reproduce a given degree distribution would, in principle, generate any of the possible networks that share this same distribution. So the question is: Do the characteristics of a real world network significantly differ from those of a randomly selected graph from the population of all networks that share the same degree distribution?
The process through which we obtain samples from this population is the randomization process described in section 3.3, where links are broken and rewired in order to obtain a complete new network from the original but keeping the degrees of the nodes untouched. Though this rewiring process is computationally fast, the computation of all parameters of the resulting network, in particular P 2 , C 3 and d ij , is a computationally intense process and in order to perform all calculations in a relatively short and reasonable time period (around a month) we chose to obtain a small random sample. Therefore, we had to use a statistical test designed to provide reliable results even for small samples: the student's t-test. One of the suppositions behind the student's t-test performed in the analysis is that the population behind the obtained sample has a normal distribution.
Here, for a few organisms, we obtained bigger ran- dom samples and performed two normality tests to check whether these populations comply with the needed supposition of normality in order to perform the t-test. In Table 8 Deviation of real PPI network parameters from randomized expected values. The column p-value presents the average p-value for the student's t-test evaluated as described in subsection 3.3. In the parenthesis next to it, it is presented the fraction of networks for which the p-value was lower than 0.05. 
